Abstract Cox model is popular in survival analysis. In the case of time-varying covariate; several subject-specific attributes possibly to change more frequently than others. This paper deals with that issue. This study aims to analyze survival data with time-varying covariate using a time-dependent covariate Cox model. The two case studies employed in this work are (1) delisting time of companies from IDX and (2) delisting time of company from LQ45 (liquidity index). The survival time is the time until a company is delisted from IDX or LQ45. The determinants are eighteen quarterly financial ratios and two macroeconomics indicators, i.e., the Jakarta Composite Index (JCI) and BI interest rate that changes more frequent. The empirical results show that JCI is significant for both delisting and liquidity whereas BI rate is significant only for liquidity. The significant firm-specific financial ratios vary for delisting and liquidity.
Introduction
The removal of a listed company from a stock exchange is called delisting that can be caused by voluntary (seeks to become private) or involuntary. The involuntary delisting usually happens when a company ceases operations, merged, declares bankruptcy, or does not meet listing requirements. It is exciting to know what will happen to shareholders when companies are delisted from stock exchanges. The event does not affect directly to the shareholders as they still own their company with the same proportion of ownership as previously. However, delisting usually occurs after companies go bankrupt or close to bankruptcy, where that situation is a huge financial problem. This paper analyzes two cases: (1) the delisting events happen to the 74 companies in Indonesian stock exchange (IDX) that was studied by Prastyo et al. [1] and (2) delisting event in the LQ45 index. The R&D division of the IDX composes the LQ45 index that consists of 45 stocks satisfying some specific criteria. One of the key principles is that these stocks are among the most liquid traded on the IDX. The list of companies in the LQ45 index is regularly adjusted every six months in February and August.
There are several previous studies about survival analysis applied delisting event in IDX caused by the distress condition suffered by the company as done by Kristanti and Effendi [2] and Prastyo et al. [1] . The other research about survival analysis and financial distress in other countries have been done by Laitinen [3] for Finland case, Lee [4] for companies listed in Taiwan Stock Exchange, Kim et al. [5] for Chinese firms, as well as by Gepp and Kumar [6] . The use of survival analysis for analyzing financial distress causing delisting event was firstly introduced by Shumway [7] who extended the Cox Proportional Hazard Model (PHM) [8] . The basic idea of the Cox PHM can be read in survival analysis literature [9, 10, 11] . Recently, the survival analysis has been developed rapidly and applied widely involving nonparametric and machine learning approach [12, 13] .
The one step among other can be done to analyze the financial health of a company is by looking more in-depth at financial ratios. These ratios can be used to make comparisons between different aspects of a company's performance [14] . Furthermore, the financial ratios reflect how the company performs within a particular industry or region. The financial ratios can also be considered as micro indicator whereas the macroeconomic indicator possibly affects directly and non-directly to the company's performance. The involvement of macroeconomic indicator in the model can accommodate the indirect dependency among companies [15, 16] instead of accommodating the dependence directly among observations that lead to the approach becomes very complicated.
The financial ratio can be calculated from financial reports that are available annually, bi-annually, or quarterly. In this research, the financial ratios as a subject-specific attribute are calculated quarterly. Several financial ratios possibly change more frequently than others. Given that these subject-specific attributes are assigned as a fixed variable, the change in values does not affect the model complexity. This setting will be much different if the dynamic of the predictor is treated as a random variable. The macroeconomic indicators used in this study, i.e., the Jakarta Composite Index (JCI) and interest rate of Bank Indonesia, are available in a shorter period. Thus, these two macroeconomic indicators are computed as an average value or stay constant if there is no change along with the period of financial ratios [1] . The reason why JCI and interest rate of Bank Indonesia are chosen as macroeconomic indicators is based on the empirical results provided by references [15, 16] . Those two works examined the effect of the market return, which is represented by JCI, to the asset return given Bank Indonesia's interest rate represents the risk-free interest rate. The empirical results showed that these two macroeconomic indicators are relevant to the asset return used in the calculation of several financial ratios.
Due to the covariates change with time, the survival analysis has to be able to accommodate the dynamic of the covariates. Thus, this work employs the Cox PHM with time-dependent covariate approach, see references [17, 18, 19] for some fundamental idea. The proposed technique is applied to the two cases mentioned above. The rest of this paper is written as literature and method, data and variables, and empirical results. The last part is devoted to the conclusion.
Cox Model with Time-Dependent Covariate
Let the time to delisting is denoted as T and time-dependent covariates are X. The X(t) represents the value of X at time t and X (t) = {X (s) : 0 ≤ s ≤ t} denotes the historical values of X until time t. The conditional hazard function of T given X (t) is formulated as
with [t, t + ∆t)is a very small time interval. The Cox PHM [8] specifies the conditional hazard function in Equation (1) such that become positive function as
with λ 0 (t) is unspecified baseline hazard. The vector of parameters β in Equation (2) is estimated from observed data using partial likelihood estimation. The survival function conditional on the historical value of X is formulated in Equation (3):
There are n observations such that we have data t i , δ i , X (t i ) for i = 1, 2, . . . , n. The δ i denotes censoring status for observation i, where δ i = 1 the event of interest happened, otherwise δ i = 0 if it censored at the time t i . The parameters β are estimated using partial likelihood with score function as follows.
with R i is a collection of individuals who are at risk at the time t i , i.e., whose observation times are greater or equal than time t i . The estimatorβ is the solution for U (β) = 0. The optimization for Equation (4) can be obtained via numerical optimization because the solution is not closed form.
Data and Variables
There is two datasets used as case studies in this work. The first dataset is delisting manufacture companies from IDX spans from the first quarter ( board of director. To comply with the dynamic of financial ratios that change quarterly, these macroeconomic are adjusted accordingly. The eighteen financial ratios are tabulated in Table  1 .
The financial ratios contain many outliers. The existence of outlier gives significant impact on the data analysis. Therefore, the outliers are winsorized by the 2.5 percent of quantile on the left and 97.5% of quantile on the right. The descriptive statistics (after then replacement of outliers) of financial ratios of companies listed at IDX are summarized in Table 2 . Four financial ratios have skew distribution showed by the bold statistic values.
Empirical Results
The empirical analysis is firstly provided by computing the empirical survival probability. One of the most commonly used methods is the Kaplan-Meier (KM) curve [9, 10, 11] which belongs to the nonparametric approach to estimate the survival function of lifetime data. A plot of the KM curve is a series of declining horizontal steps which approach survival function (vertical axis) over the time (horizontal axis). The KM curve for delisting data from IDX is displayed in Figure 1 . The left side graph exhibits the KM curve for all data in the list (79 companies) whereas the right side picture is for KM curve for each sub-sector belongs to the manufacturing sector. Figure 1 shows that all companies observed during the study period have survival probability, on average, higher than 80% at quarter 103. This number means that manufacture companies have a high likelihood to stay listed at IDX for a long period. If we go more detail by analyzing survival probability for each sub-sector as displayed by the left side graph, then the three sub-sectors have a different chance to stay listed at IDX. The survival probability of companies belongs to consumer goods sub-sector (green curve) decrease much at quarter 80, even before they have a higher survival probability. The KM curves for listed companies at LQ45 index exhibited in Figure 2 . Compared to the survival probability to stay listed at IDX, the probability to survive to stay listed at LQ45 is much smaller. It is not a surprise as the liquidity is dynamic. Also, there is competition among companies to become the top 45 most liquid. It is not the case of listed companies at IDX. Figure 2 at the left side shows that on average the companies stay at LQ45 has probability no greater than 30% in quarter 30. Since the LQ45 consist of companies from many (possibly all) sectors, there are many KM curves displayed at the right side graph. The companies from the agriculture sector (red curve) have relatively much smaller survival probability compared to other sectors. This result is very reasonable because Indonesia is a country with a high vulnerability of disaster. Therefore, agriculture companies face high risk caused by the natural disaster. Thus, the liquidity of transaction of those companies at IDX is affected by the risk arise from natural disaster. Other interesting information is shown by a purple curve that shows KM curve for the financial sector. The financial firms survive with relatively high probability for the long term, but for short term, the survival probability decreases dramatically.
The further analysis is Cox modeling that considers the time-varying covariate. The final model produced is resulted from the variable selection using backward elimination based on Akaike's Information Criterion (AIC). The significant estimator of hazard function for IDX data is as follows. λ t|X (t) =λ 0 (t) exp{0.290 CR (t)+8.417 GP M (t)−4.941 F AT (t)−0.016 J CI (t)} , (5) with CR(t) is current ratio at time t, GPM is gross profit to margin ratio, FAT is fixed asset ratio, and JCI is a macroeconomic indicator for Jakarta Composite Index. The AIC value for the model in equation (5) is 30.55 with a p-value for the significant determinant (α =10%) are as follows: 0.055 for CR, 0.026 for GPM, 0.033 for FAT, and 0.033 for JCI.
By using the same procedure for variable selection, the hazard function estimates for LQ45 data is:λ
with A (t) = 3.807DAR (t) − 0.282 DER (t) − 5.990 ROE (t)
where DAR is a debt to asset ratio, DER is a debt to equity ratio; ROE is a return on equity ratio, WCtoLTD is working capital (computed as current asset / current liabilities) to longterm debt, RETA is a retained earnings to the total asset. The JCI and BIrate are the two macroeconomic indicators. The AIC value for model in equation (5) is 391.85 with standard error (and p-value) for the significant determinant (α =5%) are as follows: 0.044 for DAR, 0.016 for DER, 0.004 for ROE, 0.001 for WCtoLTD, 0.018 for RETA, as well as ≈ 0.000 for JCI and 0.014 for Bank Indonesia's interest rate.
Conclusion
Empirical results of this study conclude that the survival probability is higher than eighty percent for manufacture companies listed at IDX. In particular, companies belong to consumer goods sub-sector, the survival probability decrease dramatically at quarter 80. For companies listed at LQ45, the survival probability, on average, no more than thirty percent at quarter 30. The companies listed at LQ45 that belong to agriculture sector have smaller survival probability. According to the Cox model with a time-varying covariate, the Jakarta Composite Index is the macroeconomic indicator that significant for the two case studies whereas the significant financial ratios vary for the two cases.
